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Abstract

Context Striking land-use changes after WW 1I
characterize the past century in the European Alps
with impact on ecosystems and biodiversity. Docu-
menting land-use changes is often difficult due to lim-
ited information from the past. Mapping landscape
history with aerial photography can foster the under-
standing of human-induced changes in vulnerable
ecosystems, such as the remnants of dry grasslands in
the Central Alps.

Objectives We aimed to assess changes in grassland
vegetation and their current extent in Val Venosta
(European Alps, Italy) in relation to overall landscape
settings, anthropogenic drivers of change and the
effectiveness of the protected areas.

Methods We performed a land-cover classification
based on a mixed machine learning approach includ-
ing several auxiliary classifiers in a random forest
model to characterise the extent and state of (dry)
grasslands. We calculated landscape metrics between
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1945 and 2015 to assess shape-related changes, espe-
cially regarding their landscape embedding and the
protection status of sites.

Results Three main processes related to a chang-
ing extent in grassland habitat prevail: (i) agricultural
intensification, (ii) settlement expansion at the valley
bottom and (iii) forest expansion (afforestation and
encroachment due to decreasing pasture activities)
on the valley slopes. The remaining grassland habitat
is increasingly isolated and fragmented, leaving only
few core areas of dry grassland, which tended to be
better conserved within protected areas.

Conclusion The changes in extent of dry grass-
lands revealed marked changes. Transformations
are assumed to be predominantly caused by human
impact and successional changes. Our results confirm
the importance of protected area networks. The pro-
nounced landscape changes underline the urgent need
for future research with explicit focus on the changes
at community level and the underlying causes. Iden-
tifying all relevant drivers of change should be a key
element in targeted conservation efforts.

Keywords Classification - Conservation - Historic

aerial photography - Land cover change - Random
forest - Dry grassland
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Introduction

Dry grasslands are intrinsically tied to the cultural
landscape in Europe and have been influenced sub-
stantially by human activity for millennia (Hejc-
man et al. 2013). They are known to be particu-
larly rich in vascular plants (Wilson et al. 2012)
and offer indispensable habitats for a wide range of
animal taxa such as birds and insects (Nagy 2014;
Hochkirch et al. 2016). However, dry grasslands are
amongst the most negatively affected habitats across
Europe (Diekmann et al. 2019; Dengler et al. 2020),
primarily due to land-use change (Tasser and Tap-
peiner 2002). The on-going trend of declining dry
grassland area is associated with increasing habitat
fragmentation. In turn, habitat fragmentation can
provoke spatial and genetic isolation (Leuschner
and Ellenberg 2017). A lack of connectivity within a
wider landscape can result in the extinction of habi-
tat specialists especially of those with small popula-
tion size (Boch et al. 2020). Consequently, this may
lead to species impoverishment and homogenization
in communities (Wilhalm 2018).

Dry grasslands that resemble those of the East-
ern European steppe zone, occur as extra-zonal
outposts in few central-alpine valleys with steppe-
like climatic conditions due to orographic seclu-
sion (Braun-Blanquet 1961; Boch et al. 2020). As
these inner-alpine dry grassland communities are
increasingly threatened by agricultural intensifica-
tion of neighboring areas, abandonment, or affores-
tation (Tasser et al. 2009; Zulka et al. 2014; Wil-
halm 2018), there is an urgent need for conservation
efforts. Therefore, identifying and understand-
ing the main drivers of decline and degradation in
grassland area is of crucial importance (van Looy
et al. 2016), especially for the development of effi-
cient protection strategies such as the Natura 2000
network in the framework of the Fauna-Flora-Hab-
itat Directive (92/43/EEC; European Commission
2013). Since long-term monitoring data is scarce,
it remains a challenge to evaluate the ecological
effectiveness of conservation measures in- and out-
side of protected areas (EEA 2020), especially in
human shaped habitats. Hence, understanding the
spatio-temporal vegetation dynamics in a broader
landscape context could improve the knowledge on
transformation status, conservation priorities and
restoration potential, which remains a research gap
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for dry grassland habitats of the Alps (Liibben and
Erschbamer 2021).

Past changes in landscape structure significantly
influenced the current structure and functioning of
ecosystems and, in the same way, the current man-
agement will influence the future structure and func-
tioning (Forman and Godron 1986). In this context,
the consideration of land-use history can be a key
element in explaining current patterns and result-
ing change processes (Aggemyr and Cousins 2012).
Consequently, the quantification and characteriza-
tion of landscape patterns is fundamental for identi-
fying ongoing ecological processes, but also areas
at risk of degradation and transition (Uuemaa et al.
2013). Landscape metrics derived from land cover
(LC) maps generally offer high potential for captur-
ing changes in the spatial configuration and extent of
habitats by comparing remotely sensed images from
different time-steps (McGarigal et al. 2012; Uuemaa
et al. 2013). In this context, historical aerial photo-
graphs, as witnesses of the past, may provide valuable
information for inferring former landscape structure
(Nebiker et al. 2014). Simultaneously, the variable
quality and the lack of calibration details of such pan-
chromatic images constrains accurate classification
of the actual spatial landscape elements (Laliberte
et al. 2004). While many studies that use historical
data still rely on manual classification (Aggemyr and
Cousins 2012; Garbarino et al. 2014; Garcia et al.
2014), such approaches are known to be very labor-
and cost intensive (Tasser et al. 2009; Liu et al. 2018).
Alternatively, the application of machine learning
algorithms in the context of LC classification offers
a promising approach either by pixel-based mov-
ing windows analyses (e.g., Berhane et al. 2018; Liu
et al. 2018) or object-based image analysis summariz-
ing pixels with similar topological features into spa-
tial segments (e.g., Berhane et al. 2018; Gobbi et al.
2019).

To assess the possibility of classifying the histori-
cal landscape by using historical aerial photographs
dating back more than 70 years, we (i) developed a
machine learning approach at two different time steps
and compared differences of the historical and recent
land cover, (ii) evaluated the spatio-temporal grass-
land characteristics regarding their shape and land-
scape composition and (iii) analyzed differences in
transformation trends of dry grasslands in protected
versus non-protected areas. With this approach, we
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evaluated changes between 1945 and 2015 regard-
ing habitat properties and landscape composition
with focus on remnants of dry steppe grassland in
the inner-alpine dry valley of Val Venosta (European
Alps, Italy).

We applied a novel mixed machine learning classi-
fication procedure (pixel- and object-based) including
several auxiliary classifiers. By integrating spatial,
textural and structural classifiers, we were able to take
advantage of object-based image analysis translating
the individual pixels into meaningful spatial units.
With our combined approach, the classification was
neither limited to previously generated segments nor
was it limited to the information of individual pixels.

To capture landscape changes as well as changes
in our focus LC class grassland at both time steps,
we selected a small study-specific set of uncor-
related landscape metrics that can reveal poten-
tial habitat fragmentation and -isolation tenden-
cies (Schindler et al. 2008; Walz 2011; McGarigal
et al. 2012). Finally, we estimated the magnitude of
transformation in dry grassland areas in relation to
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their environmental matrix to detect areas of change
within- and outside protected areas.

Materials and methods

Biogeographical and historical outline of the study
area

Our study area, the Val Venosta/Vinschgau, is situ-
ated in the Central Alps within the Autonomous
Province of Bolzano—South Tyrol, Italy (Fig. 1). The
west—east oriented valley is enclosed by high alpine
mountain ranges (Ortles-, Otztal- and Sesvenna Alps
reaching up to 3905 m a.s.l.), which cause exceptional
biogeographic conditions in terms of the climatic and
biological setting (Rampold 1997). These high moun-
tains isolate the valley against maritime air masses,
which comes along with low precipitation partly
below 500 mm a~' at the valley bottom (Wilhalm
2018). High temperatures due to often cloudless con-
ditions combined with strong foehn winds lead to dry
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Fig. 1 Map of the study area and the position of dry grassland
biotope areas. The upper boundary (delineated in black) for our
study follows the maximum altitude records for dry grassland
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areas (at 1500 m a.s.l.). GIS-data was retrieved from the cata-
logue of the Autonomous Province of Bozen/Bolzano (https://
geokatalog.buergernetz.bz.it/geokatalog)
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conditions especially on steep south-facing slopes.
Based on this climatic setting, the valley offers a hab-
itat for highly specialized grassland species adapted
to a dry and hot climate up to 1500 m a.s.l. (Braun-
Blanquet 1961; Schwabe and Kratochwil 2004; Liib-
ben and Erschbamer 2021). The limited water avail-
ability on the rocky, and steep south-facing slopes
determines the type of vegetation that can colonize
these slopes (Leuschner and Ellenberg 2017). Fur-
ther, very early human intervention through grazing,
fire and cutting favored the persistence and spread of
open grasslands since neolithic times and through-
out the Holocene (e.g. Dietre et al. 2017). Since the
early twentieth century, increased afforestation efforts
promoted the migration of Pinus nigra but also Rob-
inia pseudoacacia to stabilize the steep south-facing
slopes (Braun-Blanquet 1961). These afforestation
efforts together with decreasing pasture activities
on the valley slopes and agricultural intensification
at the valley bottom have led to major LC change in
the Val Venosta (Wilhalm 2018). Furthermore, the
focus of agriculture in the Val Venosta has changed
tremendously since the 1940s with a heavy expan-
sion of more profitable apple cultivation (ASTAT
2018). Consequently, the valley bottom is character-
ized by a vegetation mosaic where homogenization
processes prevail, characterized by an impoverished
and trivial flora (Hilpold et al. 2018; Wilhalm 2018).
Contrastingly, shrub encroachment and forest is inter-
mingled with the original pasture-shaped continental
dry grassland communities of the order Festucetalia
vallesiacae on the slopes (Liibben and Erschbamer
2021).

The conservation efforts regarding the remain-
ing dry grassland areas in the valley included the

designation of five major dry grassland protected
habitat complexes (Fig. 1). The protected sites are
actively managed by maintaining grazing regimes or
the active removal of shrubs and invasive alien spe-
cies (Table 1). Hence, we considered the Val Venosta
to be ideal for studying LC change related impacts on
(dry) grassland habitats.

Data and preparation
Historical aerial photographs

The historical LC was derived from a set of 18 his-
toric aerial photographs in 1945 (Istituto Geografico
Militare, Firenze IT). They belong to the oldest aer-
ial documents for the landscape of Val Venosta. The
panchromatic images were obtained on August 27th
with a Fairchild camera operating at an altitude rang-
ing from 7900 to 8200 m a.s.l. and a focal length of
137 mm. The aerial photographs were digitized with
a 2500 dpi scanner and subsequently georeferenced,
orthorectified, and projected (i.e., ETRS89-UTM-
32N). Data were provided by the Amt fiir Landespla-
nung und Kartografie of the autonomous province of
Bolzano (2021).

Recent orthophoto

For identifying the current LC, we used a recent
orthophoto in the geodetic system WGS84-UTM-32N
recorded from July to September in the years 2014
and 2015 (Amt fiir Landesplanung und Kartografie
2021). The product is a 3-band (RGB) true color
orthophoto with a resolution of 0.2x0.2 m. The high
resolution outperforms open-source satellite products

Table 1 Management activities (expert information) and grazing type (if applicable) on the protected areas (https://www.provinz.bz.
it/natur-umwelt/natur-raum/natura2000/natura-2000-gebiete-in-suedtirol.asp)

Protected area Protection framework Grazing (type)

Management activities

Tartscher Biihel
Obere Leiten

Natura 2000 Cattle
Landscape plan prov- Cattle
ince of Bolzano

Kortscher Leiten Natura 2000 Goat, sheep

Schlanderser Leiten Natura 2000

Grazing, no further activities since 2011

Fencing, no further information

Grazing, removal of invasive alien species, shrub
removal (irregularly)

Varying, some slopes are grazed Grazing, removal of invasive alien species

by cattle, others are not grazed

Sonnenberg Natura 2000 None

Removal of shrubs and invasive alien species
(irregularly)

@ Springer


https://www.provinz.bz.it/natur-umwelt/natur-raum/natura2000/natura-2000-gebiete-in-suedtirol.asp
https://www.provinz.bz.it/natur-umwelt/natur-raum/natura2000/natura-2000-gebiete-in-suedtirol.asp

Landsc Ecol (2023) 38:2121-2143

2125

(e.g. Landsat, Sentinel-2) and presents a valuable ben-
efit for identifying changes of inner-alpine dry grass-
land areas, given their small remaining distribution.

Class definition and pre-processing

We selected our classes (Table 2) purposefully for the
most dominant classes upon visual inspection (Chen
and Stow 2002), screening for the universally defined
categories according to Anderson et al. (1976).

The classification scheme was developed with the
aim of describing the variety of LC features in the
study area. Since we focused on the change detec-
tion of grasslands, we identified main vegetation
classes with clear and unambiguous class bounda-
ries in reflectance values aiming at the best distinc-
tion between the individual classes. Generally, classes
with strongly overlapping spectral signatures impede
clear class distinction (Pringle et al. 2009). Hence,
we only included dominant land cover classes that
were present in the valley at both time steps (upon
visual inspection and delineation; Table 2). Each of
the chosen classes covers major parts in the valley
and is considered a representative class of the valley’s
landscape characteristics (e.g., the dominant apple
cultivation in the valley bottom). Subordinate classes
(such as other farming practices) were summed
up to larger categories. The class boundaries were
tested statistically for significant differences in spec-
tral reflectance values based on a randomly selected
subset of each class (n=20,000 pixel). We used pair-
wise Wilcoxon rank sum test (Bonferroni corrected)
and additionally confirmed distinctiveness of classes
visually via boxplots for historical and recent data
sets (see Suppl. Mat. 1-Fig. S1). Since the historical
reflectance values partly lack distinctive characteris-
tics between the individual classes, we corrected the
reflectance values, accounting for high within-class
variability due to topographic effects like differing
solar illumination resulting from rugged terrain char-
acteristics (Teillet et al. 1982; Riano et al. 2003). We
applied a c-correction with a terrain smoothing factor
of 5 (out of 5 tested methods) as the best compromise
between reduction of variability while best main-
taining the class mean reflectance. We validated the
performance by inspection of the effective interquar-
tile range (IQR) reduction (Ma et al. 2021) and the
coefficient of variation (COV). The COV represents
the reduction of the standard deviation from its mean

(Wu et al. 2016). This resulted in an IQR reduction of
12.9% and a COV of 2.3% on average (details on the
illumination modelling and correction methods are
provided in Suppl. Mat. 2).

To account for high inter-class similarities (e.g.,
similar reflectance values for objects in different LC
classes like apple trees versus trees in a forest), which
potentially increases misclassification rate in LC clas-
sification (Huth et al. 2012), we created a mask divid-
ing our data set into valley bottom and valley slopes.
This allowed differentiating spatially segregated LC
class distributions where, e.g., the apple orchards
are present on the valley bottom and the forest area
is mostly restricted to the valley slopes. We subdi-
vided the study area based on the pronounced cut in
the valley’s topography. The valley floor is predomi-
nantly flat, while the north- and south-facing valley
slopes distinctly emerge from the valley bottom with
a steep incline, frequently exceeding 30°). We manu-
ally determined the division line according to this
prominent change in topography using a DEM at
1 m resolution. The approach to mask areas accord-
ing to the research objective is consistent with other
studies (e.g. Pringle et al. 2009; Eitzel et al. 2016).
We selected training areas for each data set that best
represented the average and variation in spectral
reflectance of each class (see Table 2). We identified
the training areas by manual delineation of polygons
spread evenly across the valley to avoid missing grad-
ual changes of class reflectance values. We continu-
ously selected training areas until no further variation
in the spectral profile was added (by monitoring the
spectral class profiles in ArcGIS, version 10.7, ESRI,
Redlands, CA, USA). Finally, each class consisted
of at least 30 training areas, but more were added if
needed. For the actual LC classification, we resam-
pled both datasets to 1x 1 m resolution using bilin-
ear interpolation, which represented a compromise
between computing power and best possible spatial
resolution. We extracted the pixels within the desig-
nated training areas subsequently previously to the
supervised classification.

Land cover classification
The general classification framework is provided in
Fig. 2. It displays a schematic overview of the pro-

cessing steps as explained in detail in the following
sections.
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Table 2 Pre-defined land cover classes and their mode of implementation (vb: valley bottom, vs: valley slope) into automated clas-
sification of the land cover map

Class Description Spectral reflectance characteristics and mode of incorporation into automated clas-
sification
Historic Recent
Class specifi- Shape attrib- Mean (SD)  Imple- Mean (SD) Imple-mented
cation utes mented
R G B
Built-up Residential/  Rectangular 153.4 (47.6) vb, vs* 81.8 (56.6) 156.5(48.9) 145.3 (48.7) vb, vs
industrial shapes,
areas, symmetric
streets™, array
and railway
tracks*
Apple Most domi- ~ Symmetric 129.7 (30.5) vb 53 (22.4) 81(23.7) 63.9(15.3) vb
orchard nant culti- rows of

vation type  trees as
and clearly circular

distinctive elements
from other
agricultural
practices
Agri-culture  Croplands Larger 170.44 (30.7) vb, vs 134.9 (48.1) 137.1 (17.8) 102.1 (18.5) vb, vs
(all other uniform
than apple patterns
orchard), of only
intensive slightly
(fertilized) rugged ele-
grassland ments
and pasture
Grassland Mostly cor-  Less dense 195.4 (26.6) vb, vs 69.1 (10.4) 115.2(7.9) 69.2 (5.4) b, vs
responds vegetation
to dry cover with
grasslands shares of
as natural open soil,
occurring leading to
vegeta- high reflec-
tion on the tance
slopes
(Leusch-
ner and
Ellenberg
2017)%*
Shrubs Juvenile trees Lose array 169.2 (25.6) vs 99.2 (24.2) 108.1 (18.3) 81.8(15.7) vs
and shrubs of juvenile
with an trees, inter-
open-patch  rupted by
structure open land
Forest Adult trees Dense, 93.7 (23.8) vb, vs 434 (27.8) 65.3(25.7) 57.3(14.3) vs, vb*
forming homogene-
uniform ous tree
and dense stands of
forest area little reflec-
tance
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Table 2 (continued)

Class Description Spectral reflectance characteristics and mode of incorporation into automated clas-
sification
Historic Recent
Class specifi- Shape attrib- Mean (SD)  Imple- Mean (SD) Imple-mented
cation utes mented
R G B
Water Rivers, water linear ele- 196.7 (33.7) vb*, vs* 92.8 (45.4) 135(27.8) 118.6 (34.7) vb*, vs*
channels ments of
and lakes high reflec-
tance

Classes were carefully selected visually according to the most dominant land cover classes present at both points in time (i.e., historic
and recent)

*All parts indicated with asterisk are incorporated during the post processing as an overlay obtained as vector layer from the cata-
logue of the Autonomous Province of Bolzano

**Even though dry grasslands present the natural occurring grassland type in the valley, we refer to the class as “grassland” where
not explicitly indicated differently (based on additional in-situ inspection, e.g. within protected areas)

¢ Aerial Photography g 2 S
A £ Mean Shift |
| Visual inspection | | ) I
__________ ) SR ENEHET
l e e T e
v | Extract spatial information
LC classes: | for each pixel based on N—< Segment polygons >
- Apple orchard - Water L _ o_bjgcicﬁarac_teﬂSECi _.I
- Agriculture (other) - Shrub N -
- Built-up EOTast [ Define (auxiliary) model classifiers on pixel level: I
I
- Grassland | Segment’s :
| mean value
} { | signature Pixel’s deviation from |
G 2. e o | mean value in segment )
| Mask valley : | Maskvalley | el A ~
(  bottom ;[ slopes ) L~ o
____r__ __;____ Train models: Prediction:
- N W Bost
Trainin \em—e=— Random Forest ¢ oodness-
aining '—bl of-fit ,—} performance
polygons N i Random Forest

- v

Fig. 2 Framework of the mixed classification approach for our defined classes upon visual inspection: Apple orchard, agriculture
(other than apple orchard, including fertilized grassland types), built-up, forest, grassland, shrubs and water

Auxiliary model classifiers the spectral information is limited to a single spectral

band, which inevitably comes with rather high intra-
LC classification of panchromatic aerial photogra- class but low inter-class variability (Ratajczak et al.
phy is acknowledged as a difficult objective because 2019). Comparable studies with similarly limited
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input data (e.g. Liu et al. 2018; Gobbi et al. 2019)
identified object-based analysis as best classification
method for panchromatic data. However, a disad-
vantage of object-based approaches especially in the
context of vegetation analyses regards the omission of
small landscape elements such as single trees/shrubs
(De Giglio et al. 2019). In our study site, some shrubs
barely cover 1 m? Clustering areas of similar spec-
tral characteristics into larger image segments could
dissolve such elements. However, they are important
to quantify the encroachment by woody LC classes
as prevalent and recent development in our study area
(Liibben and Erschbamer 2021). This highlights the
advantage of using pixel-based approaches. Since
both approaches generally achieved a high classifi-
cation quality in comparative studies (Suppl. Mat.
3), we decided to draw from the advantages of both
methods with a mixed approach, which is seen as
promising approach that could enhance LC classifica-
tion (Malinverni et al. 2011; Berhane et al. 2018).

Therefore, we derived five additional spatial clas-
sifiers with different information content on mean
object- and texture characteristics while also imple-
menting the individual pixel reflectance values of
the aerial photographs in the classification model
(Table 3, extracts of the layers in Suppl. Mat. 4).
Object-based classifiers are derived by a mean shift
segmentation (spectral detail: 17, spatial detail: 2,
minimum segment size: 10; following Lourenco et al.
2021) in ArcGIS and textural classifiers by a 7x7
moving window based on a grey-level co-occurrence
matrix with “glcm” package (Zvoleff 2020) of the
statistical programming language R (version 4.2.1, R
Core Team 2021). All classifiers were calculated for
each available band (red, green, blue), which resulted
in a total set of 18 classifiers for the recent dataset and
6 classifiers for the historical dataset.

Model setup and goodness-of-fit-assessment

In context of landscape ecological analyses, the most
frequently applied machine learning approach are
random forest models (Stupariu et al. 2022). Random
forest is a non-parametric machine learning algorithm
that determines the local LC class (response vec-
tor) based on the original reflectance values and the
auxiliary classifiers as predictor variables (Breimann
2001). Prior to all classification steps, we divided the
pixels within the previously delineated training areas
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into 70% training data and 30% validation data. The
pixels of these manually designated training areas
were extracted randomly (compare section “Class def-
inition and pre-processing”). We implemented a ran-
dom forest model, exploratively determining the opti-
mal number of trees (n,,.=300) and classifier used
per decision (m, =3) by aiming for the best classifi-
cation output at the lowest computational power. To
reduce collinearity among the classifiers and, further,
dimensionality we applied backwards variable elimi-
nation based on their respective importance for the
LC class attribution (Diaz-Uriarte 2007). All mod-
els were set up in a supervised classification manner
based on the R package “caret” (Kuhn 2022).

After selection we trained our model on the
remaining classifiers based on the training pixels
(Hufkens et al. 2020). We randomly permuted the
variables at each node decision and implemented a
tenfold leave-one-out cross validation with a final
majority voting over all built trees (Kuhn and John-
son 2013). We validated the model performance
based on the 30% of the test pixels with classical
error estimates: the out-of-bag proportion (OOB),
overall accuracy (OA), Kappa statistics and LC class
accuracies by confusion matrix measures (Keshtkar
et al. 2017; Berhane et al. 2018; Hufkens et al. 2020).
Finally, we classified the full study area applying the
best performing model.

After classification, we merged the individual
datasets (valley bottom, valley slopes) and added
the missing classes manually (i.e. the few remaining
patches of forest on valley bottom) or with the auxil-
iary layers, i.e. rivers and roads were added based on
publicly available vector data provided by the auton-
omous province of Bolzano for the recent data set
(compare Table 2). Due to the heterogeneous reflec-
tance values of the LC classes agriculture (other),
builtup and apple orchard historically, we limited
their presence to larger manually categorized areas.
We verified the correction by repeated inspection of
the class accuracy measures.

Landscape change assessment

To assess the landscape changes, we calculated spa-
tial landscape metrics specifying the landscape com-
position and spatial configuration at both time steps
(Haines-Young and Chopping 1996). We selected a
set of metrics that capture changes in grasslands in
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terms of its patch characteristics related to (core) area,
edge, shape, and aggregation of the class’s patches in
the landscape. By examining the Pearson correlation
coefficient, we filtered highly correlated variables
that were significant for both time steps (r>0.8).
We selected significant metrics (Table 4) based on
the Variance Inflation Factor (VIF<10) to reduce
multicollinearity (Plexida et al. 2014). Additionally,
we extracted the mean and standard deviation of the
five selected metrics for each LC class to highlight
changes on class and landscape level between the
time steps.

Furthermore, we compared the tendency of domi-
nance of an individual class expressed as the Shannon
Evenness Index (SHEI) for both time steps distin-
guished in valley bottom and valley slopes (McGari-
gal et al. 2012). To examine significant temporal
pattern variation in grassland characteristics repre-
sented by the landscape metrics, we applied the non-
parametric Wilcoxon rank sum test (a¢=0.05) due to
our non-normally distributed data with heterogeneous
variances. We tested for true effect size on the signifi-
cant differences by applying Cohen’s d (package “eff-
size”; Torchiano 2020).

Table 4 Final set of landscape metrics and their potential implication for grassland areas

Metric Description

Formula

Implication

ARFEA Area of patch ij in hectares

CAI Percentage of core area (CA) of patch ij

FRAC Fractal dimension index as perimeter p;; per

patch area

FRAC

SHAPE  Shape index

CONTIG Contiguity (connectedness)

v=09 cells

SHEI Shannon Evenness Index across the

landscape(s)

CAL =" 4 100

_ 2*1”*(0'25*”u)

SHAPE = i

minp,

CONTIG = [fl

_ = XilpIn(p)
SHEI = In(no.ofLC)

AREA = a; * _ range ra Investigation of the areal extent per patch

10000 e
and class with indication towards grass-

land habitat gain/loss over time and poten-
tial increase/decrease in habitat suitability
due to areal changes potentially promoting
habitat fragmentation (McGarigal et al.
2012)

Patch area that can be considered as core
habitat area without edge effects result-
ing from neighboring classes (McGari-
gal et al. 2012). CA buffer is set to 3
pixel =3 m, following Labadessa et al.
(2017)

Quantification of the shape complexity, a
4 higher FRAC indicates towards less com-
pact patch area due to a large perimeter
area which potentially increases the influ-
ence of neighboring classes (McGarigal
et al. 2012)

Description of the ratio between the actual
i perimeter p; and the hypothetical mini-
mum perimeter, which provides informa-
tion about the compactness of the grass-
land patches, i.e. its structural complexity
(Hesselbarth et al. 2019)

Estimation of the contiguity c of the pixel
r per patch and area for a set focal filter
matrix v (Hesselbarth et al. 2019), which
allows to draw conclusions on the spatial
connectedness or its respective isolation
within the patch and, hence, estimate habi-
tat integrity and potential fragmentation
tendencies (McGarigal et al. 2012)

Indicates if the landscape has equal propor-
tions p per LC class or is dominated by
one or few LC classes (McGarigal et al.
2012)

i, i ] .
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Finally, we assessed the changes of the domi-
nant LC classes between the time steps as well as
the overall change magnitude for grassland areas.
We calculated the change magnitude based on pro-
portional transformations of grassland considering
the surroundings of each grassland pixel of 0.5 ha to
capture the average changes (compare Schwabe and
Kratochwil 2004). Therefore, we implemented a mov-
ing window analysis with a circular buffer around
each grassland pixel to assess the relative change of
grassland compared to the historical grassland dis-
tribution. This revealed grassland areas that may be
in transition to another LC class or have changed
completely. In this context, we particularly consider
potentially different developments on protected dry
grassland areas in the five major dry grassland bio-
topes compared to non-protected areas. Therefore,
we analyzed the transformation extent (as expressed
by the magnitude) separately in- and outside of pro-
tected areas. Differences could potentially result from
varying management practices. By considering the

transformation in a broader neighborhood, we view
the grassland changes in its broader landscape con-
text, i.e., an area will only show a high magnitude in
change if the whole grassland area in its surroundings
has transformed accordingly. All analyses have been
conducted in R by applying the package “landscap-
emetrics” (Hesselbarth et al. 2019).

Results
Model performance

In general, the four final models (i.e. two models per
time step representing valley bottom and valley slope,
respectively) performed well (Table 5), but there were
differences in accuracy, especially for the two dif-
ferent points in time. The classification of the recent
datasets achieved excellent overall model accuracies
with 99.2% (valley slopes) and 99.4% (valley bottom)
and high model reliability (x=0.99), whereas the

Table 5 Final model accuracy for all four models (i.e. both time steps classified for valley slopes and valley bottom each)

Model Land cover Class accuracy Overall accuracy Most important
True positive (%) False negative OOB (ten- Overall accuracy Kappa ;las;lﬁel:rs cl(;o; -
(%) foldCV) (%) or fmal mode
(%)
Recent, valley Grassland 99.5 0.3 0.11 99.2 0.99 Mean (all bands),
slopes Agriculture 99.9 0.1 Contrast (B)
Forest 99.8 0.1 Variance (all
bands)
Builtup 99.3 0.8
Shrub 97.6 4.0
Recent, valley Grassland 99.9 0.0 0.27 99.4 0.99 Mean (all bands),
bottom Agriculture 99.9 0.1 Contrast (B)
Built-up 99.8 0.3 (‘;‘;’ ‘gz;eog( o
Apple orchard  99.9 0.2
Historic, valley =~ Grassland 73.0 (83.0) 21.1 (9.5) 21.89 76.8 (90.0) 0.69 Spectral Value,
slopes Agriculture  71.5 (95.0) 44.8 (47.0) Mean, Contrast
Forest 94.5 (98.0) 3424)
Shrub 71.1 (52.9) 17.0 (3.3)
Historic, valley ~ Grassland 69.4 (94.7) 22.0 (7.0) 27.65 71.2 (85.4) 0.62  DevMean,
bottom Agriculture  73.2(93.2) 38.4(28.3) Spectral Value,
Built-up 72.5 (79.4) 53.4 (18.4) Contrast
Apple Orchard 65.9 (99.9) 25.8(15.2)
Forest 82.2 (98.3) 19.0 (3.2)

In brackets the class accuracy after post-processing is indicated. True positive =correctly identified, false negative =missed to iden-
tify as respective LC class. The final choice of classifiers is ordered according to their importance for the model
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historical dataset achieved good accuracy with 76.8%
(valley slopes) and 71.2% (valley bottom) also with
substantial model reliability (k=0.69, and k=0.62,
respectively). The most important model classifiers
(Table 5) were the segmentation- as well as textural
layers.

For the historical dataset, particularly the classes
shrub and agriculture on the valley slopes showed
significant error rates, which were not improved with
the post-classification processing. The greatest mix-
up of these classes occurred with the class grassland
(Suppl. Mat. 5). Classification of the class agriculture
was similarly difficult on the valley bottom. Neverthe-
less, the post classification procedure improved the
overall accuracies by 13.2% (valley slopes) and 14.2%
(valley bottom). We inspected the effectiveness of
our post-classification for all classes by manual com-
parison of the final map to the aerial photographs and
also by anew extraction of the class accuracy metrics
(Table 5; given in brackets). Overall, the class accu-
racies were good, whereby especially well distinctive
classes due to clear spectral signatures such as forest
profited from the post-classification.

In contrast, the recent datasets performed well for
all classes. Only the class shrubs was slightly under-
classified (false negative: 4%) on the valley slopes.
Further errors were considered negligible (compare
Suppl. Mat. 5), which was also confirmed by in-situ
inspection.

Proportional landscape changes

Fundamental change in land cover occurred in the
study area since 1945 that can be summarized in two
main trends differentiating the developments on val-
ley bottom from the ones on valley slopes: (i) On the
valley bottom, a massive expansion of apple orchards
and built-up area at the cost of other cropland and
grassland habitat occurred. (ii) On valley slopes for-
merly mixed (semi-)natural vegetation patches mostly
consisting of shrubs, grassland and forest developed
into homogenous forest areas.

The most prominent LC shifts over the whole area
were settlement expansion and agricultural intensifi-
cation (Fig. 3). At the valley slopes built-up area also
increased slightly. Further changes were observed
in the LC class forest, which increased on the val-
ley slopes while shrubs markedly decreased in area
(compare details (a) and (b) in Fig. 3). Shrubs and
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grassland transformed mostly into dense forest. This
indicates that relevant ecological processes in the
study area such as the transformation of former grass-
land area to successional forest, were identified with
the classification. The high transformation of shrubs,
however, points towards a potential misclassification
historically. While a significant shift in the grassland
pattern was prominent (Fig. 3), an overall decline in
grassland may have been obscured by historical mis-
classification as shrubs (compare classification per-
formance Table 5).

Investigating the historical grassland that has
changed to other LC classes today, revealed a diver-
gent trend on valley bottom and valley slopes (Fig. 4).
Only 30% (valley slopes) and 19% (valley bottom)
remained unchanged grassland pointing towards
substantial successional processes on the valley
slopes and clear anthropogenic influences on the val-
ley bottom. 54% of all transformed grassland areas
on the valley slopes are woody classes today (forest
50%, shrubs 4%) followed by agricultural expan-
sion (mostly to fertilized grassland areas for forage
production). On the valley bottom, the majority of
all transformations (61%) consisted of conversion
to apple orchards, followed by settlement expan-
sion (9%). Substantial shifts in grassland extent are
apparent and confirm high landscape dynamics in the
valley.

Spatial patterns of grassland changes

The spatial distribution of the changes in grassland
area exhibited clusters that featured substantial dif-
ferences in change magnitude (Fig. 5). In the cen-
tral- and eastern parts of the study area grasslands
were almost fully transformed at the valley bot-
tom, whereas in the western study area they partly
remained unchanged. Changes on the valley slopes
were less equivocal and rather heterogeneous with
the eastern part of the study area (i.e. Laces and
Naturno) featuring a minor magnitude of change.
Furthermore, the magnitude of change showed that
grassland extent was tendentially better preserved
under protection. Especially protected sites with
grazing management (compare Table 1) appeared
better preserved. These prominent differences are
displayed in Fig. 5.3a (grazed areas) compared to
Fig. 5.4a (non-grazed areas), which is confirmed in
the average magnitude of change of 31.5% versus



Landsc Ecol (2023) 38:2121-2143 2133

o - Water - Built-up - Forest |:| Grassland
A |:| Apple Orchards |:| Agriculture (other) D Shrubs

10°3'0'0“E 10°3|5'0"E 10°49'0“E 10”4:5'0"E 10"59'0"E 10"5'5'0"E 1" °0"O"E 1" °5"O"E

-

46°42'0"N

46°3?'0"N

Jr
Historical LC

46"3?‘0"N

46°4l2'0"N

46°3|9'0"N

Recent LC
1 1 1 1 1) 1 1 )
10°30'0"E 10°35'0"E 10°40'0"E 10°45'0"E 10°50'0"E 10°55'0"E 11°0'0"E 11°5'0"E

46°3|6'0"N

73

46°3|8'0"N

T : T T
10°41'0"E 10°42'0"E 10°41'0"E

Fig. 3 Historical and recent land cover maps from the automated classification. Exemplary a detail for the historical (a) and recent
(b) time step at the same location are displayed to visualize major changes

72%, respectively. Overall, the transformation sta- grassland areas that were not affected or intruded by
tus of grassland effectively revealed the patterns of neighboring habitat types remained stable and still
areas in transition to other vegetation types (yellow featured a substantial core area.

zones in Fig. 5). The map highlights that only a few
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Fig. 4 Directional changes
of historical grassland for
valley bottom (left) and
valley slope (right). Class -
proportions are represented
by the thickness of the line.
The changes are based on
all areas that historically
were grassland (center dark

grey)

Valley bottom,
recent land cover

Built-up: 9%

I

Agriculture (other): 8%

B Forest: 3%

Grassland: 19%

Grassland changes reflected in the landscape metrics

The Wilcoxon rank sum test indicated significant differ-
ences in all landscape metrics between the two points
in time for grassland. The landscape metrics CAl,
SHAPE, FRAC and CONTIG differed significantly on
valley slopes with low to medium effect sizes (Cohen’s
d) between the two points in time. Similar effect sizes
were found at the valley bottom for SHAPE and CON-
TIG (Table 6). Today’s grassland patches were charac-
terized by a mean decrease in core area (— 59.9%) and
a less complex shape (— 27.1%) but also less connected
patches (— 20.8%). These results point towards more
isolated and more compact grassland patches with a
reduced core area (i.e., patch separation). The differ-
ences between the two points in time were less pro-
nounced on the valley bottom. Nevertheless, a decrease
in shape complexity (— 26.7%) and greater spatial
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Apple orchard: 61%

Grassland Valley slope,
historical recent land cover
reference =
100% Built-up: 1% ==

Agriculture
(other): 12%

Forest: 53%

Shrub: 4%
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Grassland: 30%

separation between the individual grassland patches
(— 15.0%) was evident. Next to these trends on valley
slopes and valley bottom we found a homogenization
tendency. This was indicated by the diversity metric
SHEI that decreased by 29.69% for valley slopes (his-
toric: 0.64, recent: 0.45) and 9% for valley bottom (his-
toric: 0.70, recent: 0.64). The dominant classes today
were forest covering 73% of the valley slopes and apple
orchards covering 60% of the valley bottom. Both LC
classes showed a visible trend of spatial clustering
(Fig. 3).
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Discussion

Grassland characteristics in relation to a changing
cultural landscape setting

In line with other studies (Tasser et al. 2009; Wilhalm
2018; Dengler et al. 2020) our LC change analysis
revealed a significant shift in the pattern of grasslands
in many areas. The shift in pattern was mostly due to
the spread of neighboring habitats which also led to
a decline in grassland extent. Especially at the val-
ley bottom the decline was visible, with agricultural
intensification and settlement expansion as major
causes for habitat loss. Land-use change on the val-
ley bottom is mostly driven by the heavy expansion
of apple cultivation areas. Nutrient input through
direct fertilization and heavy pesticide application is
associated with biodiversity decline in close vicinity
(Hilpold et al. 2018; Diekmann et al. 2019) but also
on adjacent slopes as shown by the degradation of
butterfly communities in the valley (Tarmann 2009).
Mountain slopes experienced a change in manage-
ment regime towards abandonment of grazing and
afforestation that is reflected by increased forest
cover (Wilhalm 2018). These results are in line with
trends in grassland habitats across Europe (Zulka
et al. 2014; Deak et al. 2016; Gossner et al. 2016;
Magnes et al. 2020, 2021; Choler et al. 2021). Histor-
ical grassland areas identified as such have changed
markedly, indicating a considerable change in grass-
land extent. However, the classification of the his-
torical dataset was difficult since historical data was
only available as panchromatic photographs with a
single spectral reflectance value. Potentially, terrain
features (e.g., ridges or furrows) obscured correct
classification of the LC classes and further impeded
to capture overall changes in grassland extent espe-
cially in larger shadowed areas (compare Suppl. Mat.
7). Partially similar spectral characteristics (Table 2)
on areas with low growing crops or fertilized pastures
as well as in shaded areas caused by the terrain pre-
vented a flawless classification of the historical data.
The terrain characteristics caused shadowing effects
and attenuated the reflectance values (Vanonckelen
et al. 2014), especially on open LC classes such as
grassland. This limited sound inferences on the over-
all changes in the entire valley and required to focus
on areas that were visually confirmed as grassland.
On the valley bottom, the high reflectance values

of some objects (e.g. buildings made of concrete)
in the class built-up led to confusion with the simi-
lar spectral characteristics of grassland. Goodness of
fit measures (Table 4) and visual inspection of both
LC maps and aerial photographs confirmed the par-
tial misclassification of grassland on the historical
LC map. Another potential cause is the spatial reso-
lution of the historical photographs, which can cause
small and frequently changing landscape features to
blur into larger coherent areas (Laliberte et al. 2004).
Although we resampled both datasets to equivalent
spatial resolution, it seems confirmed that the dif-
ferences in data quality affect the landscape metrics
as a result of potential classification error and grain
size (Uuemaa et al. 2005; Frazier and Kedron 2017).
In contrast, the clearly superior data quality and the
additional spectral bands of the recent orthophoto
allowed the detection of grasslands also behind ridges
or furrows. Thus, the overall results must be viewed
critically due to potential errors resulting from clas-
sification inaccuracies and data quality of the histori-
cal aerial photography. Still, such historical data can
well serve as base for showing trends and shifts in
patterns (Fitzel et al. 2016). The trend of encroach-
ment already existed in the past, which is reflected
by the structural patch characteristics. There is a ten-
dency that grassland patches, which still exist today,
are characterized by less core area (CAI) and higher
isolation and spatial discontinuity (CONTIG). This
trend is contrasted by a reduction in shape complexity
(SHAPE, FRAC). Usually, spatially isolated habitat
structure is associated with higher shape complexity
because homogeneous patches are intruded by species
of surrounding habitats close to the patch boundaries
(Labadessa et al. 2017). Thus, we assume our results
to be influenced by two potential factors: (i) Intensive
human influence coming along with geometrization
of landscape elements (Forman and Godron 1986),
and (ii) the loss of ecological corridors (i.e. connec-
tion between the patches of equal LC class; McGari-
gal et al. 2012). Formerly heterogeneous patch struc-
tures that were still connected and once built a bigger
patch are now cut by other habitats and isolated. Only
in the western study area spatially clustered grassland
patches remained unchanged. This could explain the
less pronounced habitat discontinuity on the valley
bottom. Translating these developments back to past
landscape structure our results suggest: The historic
grassland area was rather continuous with a larger
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«Fig.5 Land cover change magnitude map for grassland of
the whole study area (upper three displays) and detail views
for two dry grassland biotope areas: (3) a grazed protected site
and (4) a non-grazed protected site, each with the recent aer-
ial photograph in the background. The protection boundaries
are encircled in white for all five biotope areas: (1) Tartscher
Biihel, (2) Obere Leiten, (3) Kortscher Leiten, (4) Schlanderser
Leiten, (5) Sonnenberg. The change magnitude is the rela-
tive share in changed grassland to the total grassland area in
a 0.5 ha neighborhood. Details for 1, 2 and 5 are provided in
Suppl. Mat. 6-Fig. S6

core area and better connectivity. Still, surround-
ing shrubs already intruded the uniform grassland
patches, which resulted in a more complex shape of
the grassland areas. Transferring patch-related find-
ings to landscape level, today a picture of a rather
homogeneous landscape emerges, whereby few LC
classes (valley bottom: apple orchard, valley slopes:
forest) are dominant (as confirmed by SHEI). Diacon-
Bolli et al. (2012) emphasized that the conservation
of grasslands in Europe, as historical co-production
of the cultural landscape, depend on a heterogeneous
landscape with high structural diversity. In this con-
text, our findings underline the need for counteracting
further declines in the grassland’s extent, which are
embedded in a highly transformative landscape.

Protection needs of dry grassland fragments

The increasing isolation of dry grassland patches on
the valley slopes goes hand in hand with habitat frag-
mentation. Only a fraction of the historical extent in
dry grassland areas persisted, mostly restricted to val-
ley slopes. For the preservation and restoration of a
heterogeneous landscape mosaic (Walz 2011) they
are crucial elements of the regional pastoral system
that provide valuable connectivity networks for spe-
cies exchange and seed dispersal (Aggemyr and
Cousins 2012). The conservation of dry grasslands
becomes even more important as recent research on
their evolutionary history revealed that as western
outposts of the continental dry grasslands they were
cut from their main distribution in the Eurasian steppe
zone long ago. The inner-alpine valleys, such as the
Val Venosta, present a unique and genetically-inde-
pendent refuge for dry grassland species (Kirschner
et al. 2020; 2022). Even though they are incorporated
in protection frameworks, the effectiveness of current
management strategies is doubtful and might not be

sufficient to mitigate species decline, especially for
highly specialized taxa (Diekmann et al. 2019). So
far, there is no single or best solution for preserving
as many vulnerable species as possible (Valko et al.
2016). In this context, our results point towards bet-
ter preservation of the dry grassland extent within
protected areas, which could also be confirmed by
in-situ inspection of dry grasslands at non-protected
and protected sites. The smaller magnitude of trans-
formed dry grassland (Fig. 5) within the protec-
tion boundaries confirms the use of proper manage-
ment strategies within these sites. This has also been
stressed by Magnes et al. (2020, 2021) for Austrian
dry grasslands. However, we need to consider that
potentially also other factors could have evoked LC
changes on the non-protected areas (such as a change
in climatic factors, altered water availability or other
geohazards on the steep mountain slopes). We cannot
fully ascertain that protected sites are better preserved
solely due to their protection status. Thus, we suggest
that further research is needed that also considers the
changes at community and species level.

To maintain dry grassland remnants, various stud-
ies highlighted the importance of grazing to curtail
encroachment processes (e.g. Zulka et al. 2014; Boch
et al. 2019). Furthermore, a reduced pasture activity
was addressed as potential cause for changes in flo-
ristic composition of these grasslands in Val Venosta
(Liibben and Erschbamber 2021). Accordingly, our
findings confirm a possible relationship between the
extent of dry grasslands and the presence or absence
of grazing. This is indicated by the lower magnitude
of transformed grassland in protected sites with a
prevailing grazing regime (Fig. 5). Our results under-
pin the need for preserving or reintroducing exten-
sive grazing regimes to curtail further encroachment
within the valley. Where grazing is re-introduced, the
supression of woody species and litter accumulation
is usually beneficial for the occurrence of specialized
flora (Elias et al. 2018) and fauna (Fonderflick et al.
2014).

Benefits and limitations of the classification

Generally, the spectral information of the historical
panchromatic data was limited to a single spectral
band and for the recent orthophoto to three spec-
tral bands in the visible range. Compared to more
recent and frequently utilized multi- or hyperspectral
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Table 6 Results of landscape metrics for grassland represented in mean- and standard deviation (SD) values per time step and area
(valley slope and valley bottom) and their change in percent compared to the past

Layer AREA CAI FRAC SHAPE CONTIG
Mean SD Mean SD Mean SD Mean SD Mean SD
Slope
Historic 0.05 +0.65 7.38 +13.72 1.33 +0.15 2.21 +1.22 0.68 +0.20
Recent 0.02 +0.63 2.96 +9.36 1.3 +0.18 1.61 +0.92 0.54 +0.23
Change (%) —54.8 -599 -23 -27.1 -20.8
Cohen’s d 0.05% 0.36* 0.23%* 0.54%*% 0.63%*
Bottom
Historic 0.07 +1.56 6.59 +14.36 1.34 +0.18 22 +1.35 0.61 +0.25
Recent 0.08 +1.07 5.25 +16.96 1.32 +0.18 1.61 +0.77 0.52 +0.23
Change (%) 4.2 —-20.4 -1.7 —-26.7 -15.0
Cohen’s d 0.03% 0.07* 0.13% 0.55%%* 0.37*

Differences in all landscape metrics between the two points in time were highly significant with p<0.05. Cohen’s d maximally
reached medium effect size, for which effect size range is coded as:<0.2 (negligible,+),>0.2 to<0.5 (small, *),>0.5 t0<0.8

(medium, **),> 0.8 (high, ***)

satellite imagery (e.g. Keshtkar et al. 2017; Ber-
hane et al. 2018; Zhang et al. 2018), no secondary
spatial information based on spectral reflectance in
other bandwidths could be deduced for the LC clas-
sification. The lack of multiple spectral bands espe-
cially in the historical data set impeded clear LC
class distinction, resulting in overlapping spectral
signatures (Pringle et al. 2009). Yet, we considered
a labor-intensive manual classification as imprac-
ticable because our study area spanned across more
than 50 km from east to west. By applying a mixed
model approach of object- and pixel-based meth-
ods we expected to bypass known limitations of the
individual approaches (Gao and Mas 2008). This
was based on previous evidence indicating a mixed
approach could potentially enhance -classification
(Malinverni et al. 2011; Berhane et al. 2018). For the
recent dataset our results confirmed the benefit of a
mixed approach. The overall accuracy was at least
similarly good to superior compared to comparative
studies implementing both machine learning algo-
rithms (see Suppl. Mat. 3). However, the classifica-
tion of the historical dataset performed comparable
only after post-classification, which presents a weak-
ness of our mixed approach. The still high amount of
falsely classified pixels confirms general difficulties
in classifying historical aerial photographs dating far
back (Lydersen and Collins 2018). The basic obsta-
cle of similar spectral signatures between some LC
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classes can only be solved by complementary clas-
sifiers (Lillesand et al. 2015), which was confirmed
by the results of our mixed approach. Overall, we
found that the spatial- and texture-based classifiers
were most important for the final model which high-
lights the benefit of such complementary classifiers in
pixel-based approaches.

A clear limitation of using such historical data
presents the time-consuming and computationally
intense preparatory work: (i) The correction of the
spectral signatures to enhance highly shaded- and
reduce overexposed areas to minimize inter-class
variability, (ii) the calculation of additional classifi-
ers (also for the recent orthophoto), and finally (iii)
the less intuitive choice of high-quality training areas
due to the black and white appearance. General inac-
curacies of the input data and errors made during the
training process propagate and reduce the overall
accuracy (Lillesand et al. 2015). In terms of change
detection, geometric errors and relief displacement
inhibit a one-to-one-pixel comparison, which would
require identical data sets (Hussain et al. 2013). Such
errors are difficult to eliminate, because historically
no further ground-truthing is possible (compare e.g.
Liu et al. 2018). A specific drawback in our study
is also the presence of linear gaps and shifts in the
historic data set as a cause of mosaicking multiple
photographs without geo-located reference points
historically (compare Suppl. Mat. 7). Still, the results
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on mean changes and the structure related metrics
rendered highly useful for LC change interpretation.
The lack of validation possibilities next to in-situ
confirmation also applies to the recent LC map. Even
though there exists recent LC information for the
chosen study site (such as CORINE land cover), the
coarse resolution inhibits quality assessment and veri-
fication of the landscape changes of our detailed LC
map at 1 m resolution.

Conclusions

The historical cultural landscape in Europe is subject
to constant changes, with anthropogenic influences
often being the main cause of habitat degradation
and -decline, in particular for grassland areas. By
looking back into the past, we could detect changes
in the landscape matrix of an inner-alpine dry valley
(Val Venosta, Italy), ranging from overall LC change
to detailed analysis of individual dry grassland com-
plexes. In this context, we present a valid option for
extracting LC change based on historical and recent
aerial photography by integrating textural and struc-
ture-related information into a pixel-based LC clas-
sification approach. Our study underlines the great
value of such historical memories, even if the qual-
ity of the historical data generally prevents pixel-wise
comparison and there are no possibilities for valida-
tion going beyond visual inspection of the historical
photography.

Strong agricultural expansion and intensification
prevail on the valley bottom, whereas potentially the
cessation of grazing provoked successional changes
of the former grassland area towards woody LC
classes. Today’s grassland patches are substantially
fragmented, offering only few core refugia for dry-
adapted species within an increasingly homogene-
ous landscape setting dominated by a few LC classes.
Moreover, our analysis revealed heterogeneous pat-
terns of change between protected and non-protected
areas, whereby dry grasslands appear best conserved
within protected areas that still have a grazing regime.
In this regard, the limited extent of the protected sites
compared to the non-protected sites inhibited defi-
nite conclusions on the conservation status of these
grasslands, which highlights future research needs.
While our results underline the importance of pro-
tected area networks and the eligibility of grazing as

conservation measure of dry grassland areas in gen-
eral, it further remains unclear to what extent these
areas support the persistence of individual dry grass-
land specialist species. The alarmingly high trans-
formation rate of the former grassland area towards
shrubs and forest in the valley threatens future per-
sistence of these fragmented habitats. Therefore, we
emphasize that further research is needed to elucidate
the cause-effect relationship between the loss of dry
grassland species and anthropogenic pressures, but
also to consider that other drivers such as climatic
changes may play a important role. It will also be cru-
cial to understand the effect of conservation efforts in
relation to a multitude of drivers of change.

Acknowledgements The authors would like to thank the edi-
tors and two external reviewers for valuable and thoughtful
comments to a previous version of this manuscript. We thank
Manuel Ebner for proofreading the manuscript.

Author contributions All authors contributed to the study
conception and design. Material preparation, data collection
and analysis were performed by EK. The first draft of the man-
uscript was written by EK and all authors commented on previ-
ous versions of the manuscript. All authors read and approved
the final manuscript.

Funding Open access funding provided by Libera Universita
di Bolzano within the CRUI-CARE Agreement. This research
was carried out under the PhD scholarship (Mountain Environ-
ment and Agriculture, XXXV° cycle) funded by the Free Uni-
versity of Bozen-Bolzano.

Data availability All data that was used for this study are
openly available or can be requested for scientific purposes at
the Autonomous Province of Bolzano: https://geokatalog.buerg
ernetz.bz.it/geokatalog.

Declarations

Competing interests The authors have no relevant financial
or non-financial interests to disclose.

Open Access  This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Crea-
tive Commons licence, and indicate if changes were made. The
images or other third party material in this article are included
in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds
the permitted use, you will need to obtain permission directly

@ Springer


https://geokatalog.buergernetz.bz.it/geokatalog
https://geokatalog.buergernetz.bz.it/geokatalog

2140

Landsc Ecol (2023) 38:2121-2143

from the copyright holder. To view a copy of this licence, visit
http://creativecommons.org/licenses/by/4.0/.

References

Aggemyr E, Cousins SAO (2012) Landscape structure and land
use history influence changes in island plant composition
after 100 years. J Biogeogr 39(9):1645-1656. https://doi.
org/10.1111/j.1365-2699.2012.02733.x

Amt fiir Landesplanung und Kartografie (2021) Orthofotos und
historische Luftbilder. https://www.provinz.bz.it/natur-
umwelt/natur-raum/kartographie/orthofotos-und-histo
rische-luftbilder.asp

Anderson JR, Hardy EE, Roach JT, Witmer RE (1976) A land
use and land cover classification system for use with
remote sensor data. Geological survey professional paper.
https://doi.org/10.3133/pp964

ASTAT Landesinstitut fiir Statistik (2018) Zeitreihe der Land-
wirtschaft. Astatinfo, 49

Berhane TM, Lane CR, Wu Q, Anenkhonov OA, Che-
pinoga VV, Autrey BC, Liu H (2018) Comparing
pixel- and object-based approaches in effectively clas-
sifying wetland-dominated landscapes. Remote Sens
10(1):46. https://doi.org/10.3390/rs10010046

Boch S, Bedolla A, Ecker KT, Ginzler C, Graf U, Kiichler
H, Kiichler M, Nobis MP, Holderegger R, Bergamini
A (2019) Threatened and specialist species suffer from
increased wood cover and productivity in Swiss steppes.
Flora 258:151444. https://doi.org/10.1016/j.flora.2019.
151444

Boch S, Biurrun I, Rodwell J (2020) Grasslands of Western
Europe. In: Encyclopedia of the world’s biomes, vol 3.
Elsevier, pp 678—688. https://doi.org/10.1016/B978-0-12-
409548-9.12095-0

Braun-Blanquet J (1961) Die inneralpine Trockenvegetation
von der Provence bis zur Steiermark. G. Fischer, Stuttgart

Breimann L (2001) Random Forests. Mach Learn 45:5-
32. https://doi.org/10.1023/A:1010933404324

Caridade CMR, Marcal ARS, Mendonca T (2008) The use of
texture for image classification of black & white air photo-
graphs. Int J] Remote Sens 29(2):593-607. https://doi.org/
10.1080/01431160701281015

Chen DM, Stow D (2002) The effect of training strategies on
supervised classification at different spatial resolutions.
Photogramm Eng Remote Sens 68(11):1155-1161

Choler P, Bayle A, Carlson BZ, Randin C, Filippa G, Cremo-
nese E (2021) The tempo of greening in the European
Alps: spatial variations on a common theme. Glob Change
Biol 27:5614-5628. https://doi.org/10.1111/gcb.15820

de Giglio M, Greggio N, Goffo F, Merloni N, Dubbini M, Bar-
barella M (2019) Comparison of pixel- and object-based
classification methods of unmanned aerial vehicle data
applied to coastal dune vegetation communities: Casal
Borsetti Case Study. Remote Sens 11(12):1416. https://
doi.org/10.3390/rs11121416

Dedk B, Valké O, Torok P, Téthmérész B (2016) Factors
threatening grassland specialist plants—a multi-proxy
study on the vegetation of isolated grasslands. Biol

@ Springer

Conserv 204:255-262. https://doi.org/10.1016/j.biocon.
2016.10.023

Dengler J, Biurrun I, Boch S, Dembicz I, Torok P (2020)
Grasslands of the Palaearctic biogeographic realm: intro-
duction and synthesis. In: Encyclopedia of the world’s
biomes. Elsevier, pp 617-637. https://doi.org/10.1016/
B978-0-12-409548-9.12432-7

Diacon-Bolli J, Dalang T, Holderegger R, Biirgi M (2012)
Heterogeneity fosters biodiversity: linking history and
ecology of dry calcareous grasslands. Basic Appl Ecol
13(8):641-653.  https://doi.org/10.1016/j.baae.2012.10.
004

Diaz-Uriarte R (2007) Genesrf and varSelRF: a web-based tool
and R package for gene selection and classification using
random forest. BMC Bioinform 8:328

Diekmann M, Andres C, Becker T, Bennie J, Bliiml V, Bull-
ock JM, Culmsee H, Fanigliulo M, Hahn A, Heinken T,
Wesche K (2019) Patterns of long-term vegetation change
vary between different types of semi-natural grasslands in
Western and Central Europe. J Veg Sci 30(2):187-202.
https://doi.org/10.1111/jvs.12727

Dietre B, Walser C, Kofler W, Kothieringer K, Hajdas I, Lam-
bers K, Reitmaier T, Haas JN (2017) Neolithic to Bronze
Age (4850-3450 cal. BP) fire management of the Alpine
Lower Engadine landscape (Switzerland) to establish
pastures and cereal fields. The Holocene 27(2):181-
196. https://doi.org/10.1177/0959683616658523

EEA (2020) State of nature in the EU: results from report-
ing under the nature directives 2013-2018. EEA report:
no 2020, 10. Publications Office of the European Union,
Luxembourg. https://doi.org/10.2800/088178

Eitzel MV, Kelly M, Dronova I, Valachovic Y, Quinn-
Davidson L, Solera J, de Valpine P (2016) Challenges
and opportunities in synthesizing historical geospa-
tial data using statistical models. Eco Inform 31:100—
111. https://doi.org/10.1016/j.ecoinf.2015.11.011

Elias D, Holzel N, Tischew S (2018) Goat paddock grazing
improves the conservation status of shrub-encroached
dry grasslands. Tuexenia 38: 215-233. https://doi.org/
10.14471/2018.38.017

European Commission (2013) Interpretation manual of
European Union habitats—EUR28, Brussels. https://ec.
europa.eu/environment/nature/legislation/habitatsdirecti
ve/docs/Int_Manual_EU28.pdf. Accessed 14 Mar 2023

Fonderflick J, Besnard A, Beuret A, Dalmais M, Schatz B
(2014) The impact of grazing management on Orthop-
tera abundance varies over the season in Mediterranean
steppe-like grassland. Acta Oecol 60:7-16. https://doi.
org/10.1016/j.actao.2014.07.001

Forman RTT, Godron M (1986) Landscape ecology. Wiley,
New York

Frazier AE, Kedron P (2017) Landscape metrics: past pro-
gress and future directions. Curr Landsc Ecol Rep
2(3):63-72. https://doi.org/10.1007/s40823-017-0026-0

Gao Y, Mas JF (2008) A comparison of the performance of
pixel-based and object-based classifications over images
with various spatial resolutions. Online J Earth Sci
2(1):27-35

Garbarino M, Sibona E, Lingua E, Motta R (2014) Decline
of traditional landscape in a protected area of the south-
western Alps: the fate of enclosed pasture patches in the


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/j.1365-2699.2012.02733.x
https://doi.org/10.1111/j.1365-2699.2012.02733.x
https://www.provinz.bz.it/natur-umwelt/natur-raum/kartographie/orthofotos-und-historische-luftbilder.asp
https://www.provinz.bz.it/natur-umwelt/natur-raum/kartographie/orthofotos-und-historische-luftbilder.asp
https://www.provinz.bz.it/natur-umwelt/natur-raum/kartographie/orthofotos-und-historische-luftbilder.asp
https://doi.org/10.3133/pp964
https://doi.org/10.3390/rs10010046
https://doi.org/10.1016/j.flora.2019.151444
https://doi.org/10.1016/j.flora.2019.151444
https://doi.org/10.1016/B978-0-12-409548-9.12095-0
https://doi.org/10.1016/B978-0-12-409548-9.12095-0
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1080/01431160701281015
https://doi.org/10.1080/01431160701281015
https://doi.org/10.1111/gcb.15820
https://doi.org/10.3390/rs11121416
https://doi.org/10.3390/rs11121416
https://doi.org/10.1016/j.biocon.2016.10.023
https://doi.org/10.1016/j.biocon.2016.10.023
https://doi.org/10.1016/B978-0-12-409548-9.12432-7
https://doi.org/10.1016/B978-0-12-409548-9.12432-7
https://doi.org/10.1016/j.baae.2012.10.004
https://doi.org/10.1016/j.baae.2012.10.004
https://doi.org/10.1111/jvs.12727
https://doi.org/10.1177/0959683616658523
https://doi.org/10.2800/088178
https://doi.org/10.1016/j.ecoinf.2015.11.011
https://doi.org/10.14471/2018.38.017
https://doi.org/10.14471/2018.38.017
https://ec.europa.eu/environment/nature/legislation/habitatsdirective/docs/Int_Manual_EU28.pdf
https://ec.europa.eu/environment/nature/legislation/habitatsdirective/docs/Int_Manual_EU28.pdf
https://ec.europa.eu/environment/nature/legislation/habitatsdirective/docs/Int_Manual_EU28.pdf
https://doi.org/10.1016/j.actao.2014.07.001
https://doi.org/10.1016/j.actao.2014.07.001
https://doi.org/10.1007/s40823-017-0026-0

Landsc Ecol (2023) 38:2121-2143

2141

land mosaic shift. J Mt Sci 11(2):544-554. https://doi.
org/10.1007/s11629-013-2666-9

Garcia C, Moracho E, Diaz-Delgado R, Jordano P (2014)
Long-term expansion of juniper populations in man-
aged landscapes: patterns in space and time. J Ecol
102(6):1562-1571. https://doi.org/10.1111/1365-2745.
12297

Gobbi S, Cantiani MG, Rocchini D, Zatelli P, Tattoni C, La
Porta N, Ciolli M (2019) Fine spatial scale modelling
of Trentino past forest landscape: a case study of foss
application. Int Arch Photogramm Remote Sens Spat
Inf Sci 25:71-78. https://doi.org/10.5194/isprs-archi
ves-XLII-4-W14-71-2019

Gossner MM, Lewinsohn TM, Kahl T, Grassein F, Boch S,
Prati D, Birkhofer K, Renner SC, Sikorski J, Wubet T,
Arndt H, Baumgartner V, Blaser S, Bliithgen N, Bor-
schig C, Buscot F, Diekotter T, Ré Jorge L, Jung K,
Keyel AC, Klein A-M, Klemmer S, Krauss J, Lange
M, Miiller J, Overmann J, Pasali¢ E, Penone X, Perovié¢
DJ, Purschke O, Schall P, Socher SA, Sonnemann I,
Tschapka M, Tscharntke T, Tiirke M, Venter PC, Weiner
CN, Werner M, Wolters V, Wurst S, Westphal C, Fischer
M, Weisser WW, Allan E (2016) Land-use intensifica-
tion causes multitrophic homogenization of grassland
communities. Nature 540(7632):266-269. https://doi.
org/10.1038/nature20575

Haines-Young R, Chopping M (1996) Quantifying land-
scape structure: a review of landscape indices and their
application to forested landscapes. Prog Phys Geogr
20(4):418-445. https://doi.org/10.1177/0309133396
02000403

Hejcman M, Hejcmanova P, Pavld V, Bene§ J (2013) Origin
and history of grasslands in Central Europe—a review.
Grass Forage Sci 68(3):345-363. https://doi.org/10.1111/
ofs.12066

Hesselbarth MHK, Sciaini M, With KA, Wiegand K, Nowosad
J (2019) Landscapemetrics: an open-source R tool to cal-
culate landscape metrics. Ecography 42(10):1648-1657.
https://doi.org/10.1111/ecog.04617

Hilpold A, Seeber J, Fontana V, Niedrist G, Rief A, Stein-
wandter M, Tasser E, Tappeiner U (2018) Decline of rare
and specialist species across multiple taxonomic groups
after grassland intensification and abandonment. Biodiv-
ers Conserv 27(14):3729-3744. https://doi.org/10.1007/
s10531-018-1623-x

Hochkirch A, Nieto A, Garcia Criado M, Calix M, Braud Y,
Buzzetti FM, Chobanov D, Odé B, Presa Asensio JJ,
Willemse L, Zuna Kratky T, Barranco Vega P, Bushell
M, Clemente ME, Correas JR, Dusoulier F, Ferreira S,
Fontana P, Garcia MD, Heller K-G, Iorgu IS, Ivkovi¢ S,
Kati V, Kleukers R, KriStin A, Lemonnier-Darcemont M,
Lemos P, Massa B, Monnerat C, Papapavlou KP, Prunier
F, Pushkar T, Roesti C, Rutschmann F, Sirin D, Skejo J,
Szovényi G, Tzirkalli E, Vedenina V, Barat Domenech
J, Barros F, Cordero Tapia PJ, Defaut B, Fartmann T,
Gomboc S, Gutiérrez-Rodriguez J, Holusa J, Illich I, Kar-
jalainen S, Kocérek P, Korsunovskaya O, Liana A, Lopez
H, Morin D, Olmo-Vidal JM, Puskas G, Savitsky V, Stall-
ing T, Tumbrinck J (2016) European Red List of grass-
hoppers, crickets and bush-crickets. Publications Office

of the European Union, Luxembourg. https://doi.org/10.
2779/60944

Hufkens K, de Haulleville T, Kearsley E, Jacobsen K, Beeck-
man H, Stoffelen P, Vandelook F, Meeus S, Amara M,
Van Hirtum L, Van den Bulcke J, Verbeeck H, Wingate
L (2020) Historical aerial surveys map long-term changes
of forest cover and structure in the Central Congo Basin.
Remote Sens 12(4):638. https://doi.org/10.3390/rs120
40638

Hussain M, Chen D, Cheng A, Wei H, Stanley D (2013)
Change detection from remotely sensed images: from
pixel-based to object-based approaches. ISPRS J Photo-
gramm Remote Sens 80:91-106. https://doi.org/10.1016/j.
isprsjprs.2013.03.006

Huth J, Kuenzer C, Wehrmann T, Gebhardt S, Tuan VQ,
Dech S (2012) Land cover and land use classification
with TWOPAC: towards automated processing for pixel-
and object-based image classification. Remote Sens
4(9):2530-2553. https://doi.org/10.3390/rs4092530

Keshtkar H, Voigt W, Alizadeh E (2017) Land-cover classifica-
tion and analysis of change using machine-learning classi-
fiers and multi-temporal remote sensing imagery. Arab J
Geosci. https://doi.org/10.1007/s12517-017-2899-y

Kirschner P, Zaveska E, Gamisch A, Hilpold A, Trucchi E,
Paun O, Sanmartin I, Schlick-Steiner BC, Frajman B,
Arthofer W, The STEPPE Consortium, Steiner FM,
Schonswetter, P (2020) Long-term isolation of Euro-
pean steppe outposts boosts the biome’s conservation
value. Nat Commun 11(1):1968. https://doi.org/10.1038/
s41467-020-15620-2

Kirschner P, Perez MF, Zaveskd E, Sanmartin I, Marquer L,
Schlick-Steiner BC, Alvarez N, The STEPPE Consortium,
Steiner FM, Schonswetter, P (2022) Congruent evolution-
ary responses of European steppe biota to late Quaternary
climate change. Nat Commun 13(1):1921. https://doi.org/
10.1038/s41467-022-29267-8

Kuhn M (2022) caret: Classification and Regression Training.
R package version 6.0-93, https://CRAN.R-project.org/
package=caret .

Kuhn M, Johnson K (2013) Applied predictive modeling.
Springer New York, New York. https://doi.org/10.1007/
978-1-4614-6849-3

Labadessa R, Alignier A, Cassano S, Forte L, Mairota P (2017)
Quantifying edge influence on plant community structure
and composition in semi-natural dry grasslands. Appl Veg
Sci 20:572-581. https://doi.org/10.1111/avsc.12332

Laliberte AS, Rango A, Havstad KM, Paris JF, Beck RF,
McNeely R, Gonzalez AL (2004) Object-oriented image
analysis for mapping shrub encroachment from 1937
to 2003 in southern New Mexico. Remote Sens Environ
93(1-2):198-210.  https://doi.org/10.1016/j.rse.2004.07.
011

Leuschner C, Ellenberg H (2017) Ecology of Central European
non-forest vegetation: coastal to alpine, natural to man-
made habitats. Springer International Publishing, Cham.
https://doi.org/10.1007/978-3-319-43048-5

Lillesand T, Kiefer RW, Chipman J (2015) Remote sensing and
image interpretation, 7th edn. Wiley, Hoboken

Liu D, Toman E, Fuller Z, Chen G, Londo A, Zhang X, Zhao
K (2018) Integration of historical map and aerial imagery
to characterize long-term land-use change and landscape

@ Springer


https://doi.org/10.1007/s11629-013-2666-9
https://doi.org/10.1007/s11629-013-2666-9
https://doi.org/10.1111/1365-2745.12297
https://doi.org/10.1111/1365-2745.12297
https://doi.org/10.5194/isprs-archives-XLII-4-W14-71-2019
https://doi.org/10.5194/isprs-archives-XLII-4-W14-71-2019
https://doi.org/10.1038/nature20575
https://doi.org/10.1038/nature20575
https://doi.org/10.1177/030913339602000403
https://doi.org/10.1177/030913339602000403
https://doi.org/10.1111/gfs.12066
https://doi.org/10.1111/gfs.12066
https://doi.org/10.1111/ecog.04617
https://doi.org/10.1007/s10531-018-1623-x
https://doi.org/10.1007/s10531-018-1623-x
https://doi.org/10.2779/60944
https://doi.org/10.2779/60944
https://doi.org/10.3390/rs12040638
https://doi.org/10.3390/rs12040638
https://doi.org/10.1016/j.isprsjprs.2013.03.006
https://doi.org/10.1016/j.isprsjprs.2013.03.006
https://doi.org/10.3390/rs4092530
https://doi.org/10.1007/s12517-017-2899-y
https://doi.org/10.1038/s41467-020-15620-2
https://doi.org/10.1038/s41467-020-15620-2
https://doi.org/10.1038/s41467-022-29267-8
https://doi.org/10.1038/s41467-022-29267-8
https://CRAN.R-project.org/package=caret
https://CRAN.R-project.org/package=caret
https://doi.org/10.1007/978-1-4614-6849-3
https://doi.org/10.1007/978-1-4614-6849-3
https://doi.org/10.1111/avsc.12332
https://doi.org/10.1016/j.rse.2004.07.011
https://doi.org/10.1016/j.rse.2004.07.011
https://doi.org/10.1007/978-3-319-43048-5

2142

Landsc Ecol (2023) 38:2121-2143

dynamics: an object-based analysis via Random Forests.
Ecol Ind 95:595-605. https://doi.org/10.1016/j.ecolind.
2018.08.004

Lourenco P, Teodoro AC, Gongalves JA, Honrado JP, Cunha
M, Sillero N (2021) Assessing the performance of differ-
ent OBIA software approaches for mapping invasive alien
plants along roads with remote sensing data. Int J Appl
Earth Obs Geoinf 95:102263. https://doi.org/10.1016/j.
jag.2020.102263

Liibben M, Erschbamer B (2021) Long term changes of the
inner-alpine steppe vegetation: the dry grassland com-
munities of the Vinschgau (South Tyrol, Italy) 40-50
years after the first vegetation mapping. Veg Classif Surv
2:117-131. https://doi.org/10.3897/VCS/2021/65217

Lydersen JM, Collins BM (2018) Change in vegetation pat-
terns over a large forested landscape based on his-
torical and contemporary aerial photography. Eco-
systems 21(7):1348-1363. https://doi.org/10.1007/
$10021-018-0225-5

Ma Y, He T, Li A, Li S (2021) Evaluation and intercompari-
son of topographic correction methods based on Landsat
images and simulated data. Remote Sens 13(20):4120.
https://doi.org/10.3390/rs13204120

Magnes M, Kirschner P, JaniSova M, Mayrhofer H, Berg C,
Mora A, Afif E, Willner W, Belonovskaya E, Berastegi A,
Cancellieri L, Garcia-Mijangos I, Guarino R, Kuzemko
AA, Masi¢ E, Rotzer H, Stanis§i¢-Vujaci¢ M, Vynokurov
D, Dembicz I, Biurrun I, Dengler J (2020) On the trails
of Josias Braun-Blanquet—changes in the grasslands of
the inneralpine dry valleys during the last 70 years. First
results from the 11th EDGG Field Workshop in Austria.
Palaearct Grassl J Eurasian Dry Grassl Group. https://doi.
org/10.21570/EDGG.PG.45.34-58

Magnes M, Willner W, JaniSovd M, Mayrhofer H, Afif Khouri
E, Berg C, Kuzemko A, Kirschner P, Guarino R, Rétzer H,
Belonovskaya E, Berastegi A, Biurrun I, Garcia-Mijangos
I, Masic E, Dengler J, Dembicz I (2021) Xeric grasslands
of the inner-alpine dry valleys of Austria—new insights
into syntaxonomy, diversity and ecology. Veg Classif Surv
2:133-157. https://doi.org/10.3897/VCS/2021/68594

Malinverni ES, Tassetti AN, Mancini A, Zingaretti P, Fron-
toni E, Bernardini A (2011) Hybrid object-based
approach for land wuse/land cover mapping using
high spatial resolution imagery. Int J Geogr Inf Sci
25(6):1025-1043. https://doi.org/10.1080/13658816.
2011.566569

McGarigal K, Cushman SA, Ene E (2012) FRAGSTATS (ver-
sion v4) [computer software]. Computer software pro-
gram, Ambherst

Nagy S (2014) Grasslands as a bird habitat. In: Grasslands in
Europe of high nature value. KNNV Publishing, Zeist

Nebiker S, Lack N, Deuber M (2014) Building change detec-
tion from historical aerial photographs using dense image
matching and object-based image analysis. Remote Sens
6(9):8310-8336. https://doi.org/10.3390/rs6098310

Plexida SG, Sfougaris Al, Ispikoudis IP, Papanastasis VP
(2014) Selecting landscape metrics as indicators of spatial
heterogeneity—a comparison among Greek landscapes.
Int J Appl Earth Obs Geoinf 26:26-35. https://doi.org/10.
1016/j.jag.2013.05.001

@ Springer

Pringle RM, Syfert M, Webb JK, Shine R (2009) Quantifying
historical changes in habitat availability for endangered
species: use of pixel- and object-based remote sensing. J
Appl Ecol 46(3):544-553. https://doi.org/10.1111/j.1365-
2664.2009.01637.x

R Core Team (2021) R: a language and environment for statis-
tical computing. R Foundation for Statistical Computing,
Vienna. https://www.R-project.org/

Rampold J (1997) Vinschgau: Landschaft, Geschichte und
Gegenwart am Oberlauf der Etsch. Das westliche Siidtirol
zwischen Reschen und Meran (Siidtiroler Landeskunde).
Athesia-Tappeiner Verlag, Bozen

Ratajczak R, Crispim-Junior CF, Faure E, Fervers B, Tougne
L (2019) Automatic land cover reconstruction from his-
torical aerial images: an evaluation of features extraction
and classification algorithms. IEEE Trans Image Process
A 28(7):3357-3371. https://doi.org/10.1109/TIP.2019.
2896492

Riano D, Chuvieco E, Salas J, Aguado I (2003) Assessment
of different topographic corrections in landsat-TM data
for mapping vegetation types (2003). IEEE Trans Geosci
Remote Sens 41(5):1056-1061. https://doi.org/10.1109/
TGRS.2003.811693

Saatchi SS, Nelson B, Podest E, Holt J (1999) Mapping land
cover types in Amazon basin using 1 km JERS-1 mosaic.
In: IEEE 1999 international geoscience and remote sens-
ing symposium. IGARSS’99 (Cat. No.99CH36293).
IEEE, pp 934-936. https://doi.org/10.1109/IGARSS.
1999.774490

Schindler S, Poirazidis K, Wrbka T (2008) Towards a core
set of landscape metrics for biodiversity assessments: a
case study from Dadia National Park, Greece. Ecol Indic
8(5):502-514. https://doi.org/10.1016/j.ecolind.2007.06.
001

Schwabe A, Kratochwil A (2004) Festucetalia valesiacae
communities and xerothermic vegetation complexes in
the Central Alps related to environmental factors. Phyto-
coenologia 34(3):329-446. https://doi.org/10.1127/0340-
269X/2004/0034-0329

Stupariu M-S, Cushman SA, Plesoianu A-I, Patru-Stupariu
I, Furst C (2022) Machine learning in landscape eco-
logical analysis: a review of recent approaches. Landsc
Ecol 37(5):1227-1250. https://doi.org/10.1007/
$10980-021-01366-9

Tarmann GM (2009) Die Vinschger Trockenrasen — ein
Zustandsbericht auf Basis der Bioindikatoren Tagfalter
und Widderchen (Lepidoptera: Rhopalocera, Zygaenidae).
Wissenschaftliches Jahrbuch der Tiroler Landesmuseen
2:306-350

Tasser E, Tappeiner U (2002) Impact of land use changes on
mountain vegetation. Appl Veg Sci 5:173-184. https://
doi.org/10.1111/§.1654-109X.2002.tb00547.x

Tasser E, Ruffini FV, Tappeiner U (2009) An integra-
tive approach for analysing landscape dynamics
in diverse cultivated and natural mountain areas.
Landsc Ecol 24(5):611-628. https://doi.org/10.1007/
$10980-009-9337-9

Teillet PM, Guindon B, Goodenough DG (1982) On the
slope-aspect correction of multispectral scanner data.
Can J Remote Sens 8(2):84-106. https://doi.org/10.
1080/07038992.1982.10855028


https://doi.org/10.1016/j.ecolind.2018.08.004
https://doi.org/10.1016/j.ecolind.2018.08.004
https://doi.org/10.1016/j.jag.2020.102263
https://doi.org/10.1016/j.jag.2020.102263
https://doi.org/10.3897/VCS/2021/65217
https://doi.org/10.1007/s10021-018-0225-5
https://doi.org/10.1007/s10021-018-0225-5
https://doi.org/10.3390/rs13204120
https://doi.org/10.21570/EDGG.PG.45.34-58
https://doi.org/10.21570/EDGG.PG.45.34-58
https://doi.org/10.3897/VCS/2021/68594
https://doi.org/10.1080/13658816.2011.566569
https://doi.org/10.1080/13658816.2011.566569
https://doi.org/10.3390/rs6098310
https://doi.org/10.1016/j.jag.2013.05.001
https://doi.org/10.1016/j.jag.2013.05.001
https://doi.org/10.1111/j.1365-2664.2009.01637.x
https://doi.org/10.1111/j.1365-2664.2009.01637.x
https://www.R-project.org/
https://doi.org/10.1109/TIP.2019.2896492
https://doi.org/10.1109/TIP.2019.2896492
https://doi.org/10.1109/TGRS.2003.811693
https://doi.org/10.1109/TGRS.2003.811693
https://doi.org/10.1109/IGARSS.1999.774490
https://doi.org/10.1109/IGARSS.1999.774490
https://doi.org/10.1016/j.ecolind.2007.06.001
https://doi.org/10.1016/j.ecolind.2007.06.001
https://doi.org/10.1127/0340-269X/2004/0034-0329
https://doi.org/10.1127/0340-269X/2004/0034-0329
https://doi.org/10.1007/s10980-021-01366-9
https://doi.org/10.1007/s10980-021-01366-9
https://doi.org/10.1111/j.1654-109X.2002.tb00547.x
https://doi.org/10.1111/j.1654-109X.2002.tb00547.x
https://doi.org/10.1007/s10980-009-9337-9
https://doi.org/10.1007/s10980-009-9337-9
https://doi.org/10.1080/07038992.1982.10855028
https://doi.org/10.1080/07038992.1982.10855028

Landsc Ecol (2023) 38:2121-2143

2143

Torchiano M (2020) effsize: efficient effect size computation.
R package version 0.8.1. https://CRAN.R-project.org/
package=effsize. https://doi.org/10.5281/zenodo.14806
24

Uuemaa E, Roosaare J, Mander U (2005) Scale dependence
of landscape metrics and their indicatory value for nutri-
ent and organic matter losses from catchments. Ecol Ind
5(4):350-369.  https://doi.org/10.1016/j.ecolind.2005.
03.009

Uuemaa E, Mander U, Marja R (2013) Trends in the use
of landscape spatial metrics as landscape indicators: a
review. Ecol Ind 28:100-106. https://doi.org/10.1016/j.
ecolind.2012.07.018

Valké6 O, Zmihorski M, Biurrun I, Loos J, Labadessa R, Venn
S (2016) Ecology and conservation of steppes and semi-
natural grasslands. Hacquetia 15(2):5-14. https://doi.
org/10.1515/hacq-2016-0021

Van Looy K, Lejeune M, Verbeke W (2016) Indicators and
mechanisms of stability and resilience to climatic and
landscape changes in a remnant calcareous grassland.
Ecol Ind 70:498-506. https://doi.org/10.1016/j.ecolind.
2016.06.036

Vanonckelen S, Lhermitte S, Balthazar V, van Rompaey A
(2014) Performance of atmospheric and topographic
correction methods on Landsat imagery in mountain
areas. Int J Remote Sens 35(13):4952-4972. https://doi.
org/10.1080/01431161.2014.933280

Walz U (2011) Landscape structure, landscape metrics and
biodiversity. Living Rev Landsc Res. https://doi.org/10.
12942/1r1r-2011-3

Warner T (2011) Kernel-based texture in remote sensing
image classification. Geogr Compass 5(10):781-798.
https://doi.org/10.1111/j.1749-8198.2011.00451.x

Wilhalm T (2018) Floristic biodiversity in South Tyrol (Alto
Adige). Climate gradients and biodiversity in mountains

of Italy. Springer International Publishing, Cham, pp
1-17

Wilson JB, Peet RK, Dengler J, Péartel M (2012) Plant spe-
cies richness: the world records. J Veg Sci 23(4):796—
802. https://doi.org/10.1111/j.1654-1103.2012.01400.x

Wu Q, Jin Y, Fan H (2016) Evaluating and comparing per-
formances of topographic correction methods based
on multi-source DEMs and Landsat-8 OLI data. Int J
Remote Sens 37(19):4712-4730. https://doi.org/10.
1080/01431161.2016.1222101

Zhang D, Wang M, Ke Y (2018) Comparison of object- and
pixel-based high resolution image classification under
different reference sampling schemes. In: Unknown
(ed) Proceedings of the 7th international conference on
informatics, environment, energy and applications—
IEEA ‘18. ACM Press, New York, pp 242-246. https://
doi.org/10.1145/3208854.3208899

Zulka KP, Abensperg-Traun M, Milasowszky N, Bieringer G,
Gereben-Krenn B-A, Holzinger W, Holzler G, Rabitsch
W, Reischiitz A, Querner P, Sauberer N, Schmitzberger
I, Willner W, Wrbka T, Zechmeister H (2014) Spe-
cies richness in dry grassland patches of eastern Aus-
tria: a multi-taxon study on the role of local, landscape
and habitat quality variables. Agric Ecosyst Environ
182:25-36. https://doi.org/10.1016/j.agee.2013.11.016

Zvoleff A (2020) glcm: calculate textures from grey-level co-
occurrence matrices (GLCMs). R package version 1.6.5.
https://CRAN.R-project.org/package=glcm

Publisher’s Note Springer Nature remains neutral with regard
to jurisdictional claims in published maps and institutional
affiliations.

@ Springer


https://CRAN.R-project.org/package=effsize
https://CRAN.R-project.org/package=effsize
https://doi.org/10.5281/zenodo.1480624
https://doi.org/10.5281/zenodo.1480624
https://doi.org/10.1016/j.ecolind.2005.03.009
https://doi.org/10.1016/j.ecolind.2005.03.009
https://doi.org/10.1016/j.ecolind.2012.07.018
https://doi.org/10.1016/j.ecolind.2012.07.018
https://doi.org/10.1515/hacq-2016-0021
https://doi.org/10.1515/hacq-2016-0021
https://doi.org/10.1016/j.ecolind.2016.06.036
https://doi.org/10.1016/j.ecolind.2016.06.036
https://doi.org/10.1080/01431161.2014.933280
https://doi.org/10.1080/01431161.2014.933280
https://doi.org/10.12942/lrlr-2011-3
https://doi.org/10.12942/lrlr-2011-3
https://doi.org/10.1111/j.1749-8198.2011.00451.x
https://doi.org/10.1111/j.1654-1103.2012.01400.x
https://doi.org/10.1080/01431161.2016.1222101
https://doi.org/10.1080/01431161.2016.1222101
https://doi.org/10.1145/3208854.3208899
https://doi.org/10.1145/3208854.3208899
https://doi.org/10.1016/j.agee.2013.11.016
https://CRAN.R-project.org/package=glcm

	Combining historical aerial photography with machine learning to map landscape change impacts on dry grasslands in the Central Alps
	Abstract 
	Context 
	Objectives 
	Methods 
	Results 
	Conclusion 

	Introduction
	Materials and methods
	Biogeographical and historical outline of the study area
	Data and preparation
	Historical aerial photographs
	Recent orthophoto
	Class definition and pre-processing

	Land cover classification
	Auxiliary model classifiers
	Model setup and goodness-of-fit-assessment

	Landscape change assessment

	Results
	Model performance
	Proportional landscape changes
	Spatial patterns of grassland changes
	Grassland changes reflected in the landscape metrics

	Discussion
	Grassland characteristics in relation to a changing cultural landscape setting
	Protection needs of dry grassland fragments
	Benefits and limitations of the classification

	Conclusions
	Acknowledgements 
	Anchor 30
	References




